Lithuanian family farms are subject to both production and investment support under the Common Agricultural Policy. As a result, there have been structural changes in the sector. Therefore, it is important to analyse farm performance from an adjustment cost perspective. The dynamic efficiency measures encompass multi-temporal cost minimisation. This paper addresses the following problem: what are the key trends in dynamic efficiency and what are the implications thereof on further development of cereal farming in Lithuania? The present paper aims to identify the prospective paths for development of Lithuanian cereal farms by analysing their dynamic efficiency. Data Envelopment Analysis is applied to calculate technical efficiency scores under different assumptions regarding returns to scale. The results indicate pure technical inefficiency remained as the main source of the overall technical inefficiency with scale inefficiency increasing throughout [2004][2005][2006][2007][2008][2009][2010][2011][2012][2013][2014]. A more detailed analysis showed that it was smaller farms that suffered from losses in the pure technical efficiency to the highest extent. The exit of the smaller cereal and oilseed farms, therefore, has likely contributed to the decreasing technical inefficiency, yet it has dampened scale efficiency.
Introduction
Measurement of agricultural efficiency is beneficial for both policy-makers and farmers in the sense of identifying best practices and performance gaps. Therefore, there is a need to adjust the models employed in efficiency analysis so that they were able to the account for different kinds of inefficiency. Traditionally, efficiency and productivity analysis employs the static setting, i. e. contemporaneous vectors of inputs and outputs are analysed. This can be done either parametrically (Cechura, 2015) or non-parametrically (Bojnec, 2014) .
The assumptions underlying the static setting can be altered within the dynamic setting. The dynamic approach seeks to link the decisions on input adjustment made within different time periods. One approach is that by J. N. Goto (1999, 2003) , where outputs produced during one period enter the model as inputs in the next period. 115 Another instance of dynamic efficiency measures relies on minimisation of adjustment costs (Silva, 2003 (Silva, , 2015 . In this case, dynamic efficiency is measured in regards to input use, output production and investment flows. E. Silva and S. E. Stefanou (2003) showed that adjustment cost technology can be represented by input requirement sets. Further on, E. Silva and S. E. Stefanou (2007) developed a hyperbolic distance function for dynamic measures of efficiency. E. Silva et al. (2015) established duality between adjustment cost directional input distance function and the current value of the optimal value function (cost minimisation). Therefore, directional input distance functions (Chambers, 1996) can be employed to estimate the dynamic technical efficiency.
As Lithuanian farms are receiving investment support under Common Agricultural Policy of the European Union, it is important to analyse the trends in investments and input use. However, analysis of dynamic efficiency has not been carried out for Lithuanian agriculture. Focusing on the neighbouring countries, S. Rungsuriyawiboon and H. Hockmann (2015) applied a parametric model of dynamic efficiency to Polish farms. Recently, Lithuanian farms saw rather serious structural changes leading to increase of mean farm size from 15.6 ha up to 19.9 during 2010 -2014 (Lithuanian …, 2015a . At the same type, crop farming became the primary subsector of agriculture accounting for some 53% of the total agricultural output in 2014. Therefore, it is important to fathom the underlying trends in crop farming efficiency in Lithuania. This paper addresses the following problem: what are the key trends in dynamic efficiency and what are the implications thereof on further development of cereal farming in Lithuania? This paper aims to apply the dynamic efficiency measures to a sample of Lithuanian cereal farms in order to reveal the trends in adequacy of input use and investments. The data from Farm Accountancy Data Network (Lithuanian …, 2015b) cover years 2004-2014. The following tasks are set: 1) to identify the main trends in cereal farm performance in Lithuania and other countries; 2) to present the measures of dynamic efficiency; 3) to estimate the measures of dynamic efficiency.
The rest of the paper is organised as follows: Section 2 presents the main trends in production of the major cereals in Lithuania and other countries. Section 3 presents the Data Envelopment Analysis model for analysis of the dynamic efficiency. Section 4 presents the results.
The trends in cereal farming
Lithuanian cereal farms mainly focus on production of the three crops, namely wheat, barley, and rapes. Therefore, this section presents the main trends in production of these crops in Lithuania.
The following Fig. 1 summarises the trends in prices and areas harvested for the main cereal crops in Lithuania. As regards areas harvested, wheat and rapeseed saw an increase in absolute terms. This is mainly related to (changes in) relative prices. Indeed, the price for soft wheat went up from 9.96 EUR/100 kg up to 15.4 EUR/100 kg during 2004-2014, whereas an increase from 19.14 EUR/100 kg up to 29.32 EUR/100 kg was observed for rapeseed. As barley exhibited the lowest price 116 along with the lowest rate of growth, its area harvested went down by some 9%. Anyway, its price went up from 9.90 EUR/100 kg up to 14.01 EUR/100 kg.
a -Soft wheat b -Barley c -Rapeseed
Fig. 1. Dynamics in areas harvested and prices for major cereal crops in Lithuania, 2004 -2014 (Statistics Lithuania…, 2016 In order to deliver some insights into the possible development of Lithuanian family farms, we exploit the standard variables from FADN (European Commission, 2016) Tables 1 and 2 , respectively. The data are given for farming type 15 and normalized with respect to utilised agricultural area. Note: Numbers in parentheses denote respective variables in FADN system
As regards the crop production in cereal farms, the "new" EU Member States show clearly worse results if opposed to "old" countries, cf. Table 1 . Crop output per hectare is much lower for Lithuania and Latvia (530 EUR/ha and 500 EUR/ha, respectively) as compared to Denmark and Germany (975 EUR/ha and 1042 EUR/ha, respectively), whereas Poland stands in between (718 EUR/ha). These differences are, definitely, due to multiple reasons. On the one hand, soil fertility varies due to natural conditions. On the other hand, application of advanced farming practices remains important. This is indicated by lower levels of crop production costs in Lithuania, Latvia, and Poland if opposed to Denmark and Germany. In addition, the appropriate use of machinery might induce increase in output. These findings indicate there is a room for improvements in cereal farm productivity in Lithuania. Note: Numbers in parentheses denote respective variables in FADN system
Looking at Table 2 suggests investment subsidies are rather high in Lithuania and Latvia due to CAP measures implemented there. What is more, they constitute a significant share of investments, especially in Lithuania. However, the average farm capital remains at the lowest level in Lithuania and Latvia (1152 EUR/ha and 898 EUR/ha, respectively). Therefore, investments are still required to boost the produc-tivity of Lithuanian family farms and investment subsidies play an important role in this process. However, it is important to avoid excessive investments by maintaining the balance between output growth and investment.
Methods and data
The measurement of the dynamic efficiency requires specification of additional variables besides the traditional input and output vectors. Specifically, inputs are split into variable and quasi-fixed ones (i.e., capital). In addition, fixed inputs can be specified. An input requirement set can describe the dynamic technology for period t as follows (Silva, 2015) : Let ( , , , ; , ) xI D y K x I g g denote the directional input distance function. It is due to E. Silva et al. (2015) that there exists a duality between ( , , , ; , ) xI D y K x I g g and the current value of the optimal value function of the following inter-temporal cost minimization problem at any base period [0, )
, 
where r and  are the rates of discount and depreciation, respectively. Specifically, ( , , , ; , ) xI D y K x I g g captures the technical efficiency part of the overall (economic) efficiency.
The value of directional input distance function can be computed by applying Data Envelopment Analysis (Silva, 2015) . The empirical production frontier is defined for K decision making units indexed by 1, 2, , kK  . For a certain observation 1,2, , kK   , the following model renders the value of dynamic directional input distance function: 
where k  are intensity variables and f  are depreciation rates.
Different assumptions regarding returns to scale of the underlying technology can be imposed by restricting the sum of intensity variables in Eq. 3 (Färe, 1983 (Färe, , 1985 Grosskopf, 1986) . Specifically, Three variable inputs (land, labour, and intermediate consumption), a quasifixed input (capital assets), dynamics factor (gross investments), and an output (total agricultural output) are used to establish the productive technology. Land input is utilised agricultural area in hectares. Labour input comprises both family and external labour force in annual work units. Intermediate consumption encompasses specific production costs along with overheads (in Lithuanian Litas 1 ). Capital assets include the book value of machinery and buildings at the beginning of the year (in LTL). Gross investments represent the flow of investments during the respective year (in LTL). Total agricultural output captures crop, livestock, and other agricultural outputs (in LTL). Törnqvist price indices were applied to derive implicit quantities of capital assets, investments and agricultural output.
The outliers were identified following P. C. Geylani and S. E. Stefanou (2013) . Also, observations with negative gross investments were omitted. As a result, 3671 observations are considered, i. e., some 334 observations per year on average.
Results
The inefficiency scores rendered by the dynamic model (Eq. 3) show the proportional increase in investments along with a proportional decrease in input use needed to ensure TE with respect to the long-term cost minimization. Note, however, that investment shortage is defined relative to 20% of the capital asset stock. The measures of efficiency are relative to the contemporaneous frontiers, i.e., the data are not pooled across the years.
The measures of dynamic efficiency based upon different assumptions regarding returns to scale enable to isolate both TE and SE. Indeed, the sample averages show that pure technical inefficiency remained the primary source of the overall inefficiency (i.e., loss in the productivity). Specifically, the average pure technical inefficiency for 2004-2014 is 0.25 as opposed to scale inefficiency of 0.1 during the same period. This indicates that input consumption should be reduced by 10% together with an increase in net investments of equal to 2% (= 10% • 20%) of the capital assets in order to maintain the maximal (total factor) productivity once full pure TE is achieved. However, the latter requires much more efforts as inputs use should be contracted by 25%, whereas investments should go up by 5% (= 25% • 20%) on average. Obviously, this requires not only effective use of inputs, which can be facilitated by the means of advisory services, but also technological progress fuelled by scientific research and extensions services.
Looking at the developments of mean inefficiencies throughout the research period (Fig. 4) , one can note technical inefficiency remained the primary source of the overall inefficiency throughout the whole research period. The trend in the overall technical inefficiency has obviously been downward one during 2004-2014, which, indeed, indicates an increase in TE. There have been three major increases in tech-nical inefficiency during 2006, 2009, and 2014 . The first one is mainly related to unfavourable climatic conditions, whereas the last two are due to economic fluctuations. As cereal and oilseed crop prices went down, the changes in crop structure along with decreased incentives for harvest gains resulted in decreasing TE. Anyway, the magnitude of increases in inefficiency seems to decrease with the time.
The trends in pure TE and SE followed opposite directions as there has been an increase in the mean scale inefficiency. As a result the mean overall technical inefficiency remained at the same level for years 2004 and 2014. Specifically, the mean scale inefficiency went from some 5% in 2004 up to 14% in 2014. This indicates that the production frontier has become more convex during the said period. The reasons behind it might be structural developments of Lithuanian family farms. As smaller farms are exiting the business more frequently than larger ones, there might have been increase in adjustment costs associated with different farm size which lead to the increasing scale inefficiency. It is, therefore, meaningful to relate farm efficiency measures to those of farm size in the Lithuanian case. Besides the mean level of inefficiency, it is important to look into the distribution of the inefficiency scores as it gives more information in regards to farm heterogeneity from the perspective of their performance. Kernel densities are the appropriate tools for depicting the underlying distributions of the inefficiency scores as they require no restrictive a priori assumptions and rely on minimization of the integrated mean squared error and variance subject to the chosen kernel function. The following Fig. 5 presents kernel density plots for VRS technical inefficiency during years 2004, 2007, 2010, and 2014. Kernel densities indicate that there has been a change in the shape of distributions of the inefficiency scores throughout the time. For instance, even though the mean technical inefficiency for years 2007 and 2014 is virtually the same (0.19 and 122 0.22, respectively), the kernel densities indicate a change in the distributions of the inefficiencies. In general, the densities associated with later periods, i.e., 2010 and 2014, are much wider and flatter if opposed to those for 2004 and 2007. Even though the mean level of inefficiency has increased, the density plots suggest an increasing polarization of the farms with respect to the latter variable. More specifically, the distribution approached a bi-modal one ion 2014 with some farms concentrating in the low-inefficiency region and another group appearing at around 30% inefficiency. This once again suggests that a certain group of farms might be systemically underperforming and thus requires additional measures from advisory and extension services. We further check the trends of inefficiency by carrying out a non-parametric distribution equality test by Li et al. (2009) . Considering the consecutive time periods, it was only 2004-2005, 2010-2011, and 2013-2014 that showed no significant differences in distributions of the VRS inefficiency scores (Table 3) One of the key variables describing crop farm performance is farm size as measured in hectares of utilised agricultural area. Table 4 presents the mean VRS technical inefficiency within different arm size groups. The small and middle-sized farms (up to 100 ha) appear as those exhibiting the lowest TE. Indeed, the mean inefficiency for 30-40 ha farms is somewhat higher (0.43) if opposed to other size groups below 100 ha (0.40-0.41). Farms within size group of 100-150 ha show the mean efficiency of 0.36, whereas even larger ones (more than 150 ha) exhibit mean efficiency of 0.30. These figures clearly indicate that larger farms tend to be more efficient.
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A possible explanation would be that smaller farms suffer from indivisibility of machinery as well as lack of modern farming technologies. In order to identify the prevailing patterns in efficiency change, the linear time trends have been fitted for the mean inefficiencies (Table 4 ). The temporal trends are consistent with the average levels of inefficiencies across farm size groups. Specifically, the smaller farms (below 50 ha) are specific with positive trends in inefficiency scores (average annual increase is 0.3-0.9 p.p.). Farms within the group of 50-100 ha show no linear trend thereby indicating stability in their inefficiency levels. Finally, the largest farms (more than 100 ha) exhibit a decreasing trend, viz., an annual decrease in inefficiency of some 0.8-0.9 p.p. Therefore, the largest farms show not only the highest mean efficiency, but also a tendency to increase it even further. As the opposite tendencies hold for the smaller farms, it is necessary to pay more attention upon input utilisation there. The mean scale inefficiency varies across farm size groups (Table 5) . Obviously, the mean inefficiency of scale is reciprocally related to farm size, as smaller farms feature higher values thereof. Farms exceeding 100 ha in size are attributed with the mean scale inefficiency lower than 0.1, whereas farms below 40 ha experience much higher mean scale inefficiency of 0.25 or 0.32. What is more, smaller farms show an increasing trend in scale inefficiency. Therefore, even the best performing small cereal and oilseed farms cannot approach the level of productivity maintained in farms of optimal size and this gap has been increasing with time. Looking at farms of over 100 ha reveals that scale inefficiency has been increasing at a much slower pace there (0.3 or 0.1 p. p. per annum for 100-150 ha and over 150 ha farms, respectively). This indicates that operation at the sub-optimal scale might be a more important source of scale inefficiency if compared to operation at the supra-optimal scale. To sum up, pure technical efficiency remained as the main source of the overall technical inefficiency with scale inefficiency increasing throughout [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] [2013] [2014] . A more detailed analysis showed that it was smaller farms that suffered from losses in the pure technical efficiency the most. The exit of the smaller cereal and oilseed farms, therefore, has likely contributed to the decreasing technical inefficiency, yet it has dampened scale efficiency. In the sequel, we look into the issue of the optimal farms size from the viewpoint of the RTS.
As already pointed out in Fig. 4 and Table 5 , Lithuanian grain and oilseed farms have seen an increasing scale inefficiency. Further on, we look into farms operating within different regions of returns to scale. By doing so, we are able to model the optimal farm size as well as deviations from it.
Following the approach of R. Färe et al. (1983) , R. Färe and S. Grosskopf (1985) , and S. Grosskopf (1986) , the farms are classified into those operating under increasing returns to scale (i. e., sub-optimal scale), constant returns to scale (optimal scale), and decreasing returns to scale (supra-optimal scale). Fig. 6 presents the results. As one can note, most of the farms operate under IRS, which implies that farm 125 expansion is needed to ensure an increase in productivity. The share of IRS observations ranged in between 59% and 79% during 2004-2014. However, a slightly negative trend is observed. Fig. 6 . The structure of Lithuanian grain and oilseed farms in terms of RTS The share of CRS observations fluctuated in between 9% and 31% during the research period. The share of DRS observations would usually be the lowest one if compared to other regions of RTS and amounted to 5-23%. Fig. 6 suggests that the farm structure became more similar to the optimal one after 2010. Indeed, the share of observations under IRS was 70% during 2004-2010, whereas it dropped to 64% for 2011-2014. As regards the average shares of the CRS observations during the two sub-periods, these were 17% and 22%, respectively. Even though the average share of farms within supra-optimal scale remained constant across the two sub-periods, one can note a steady increase after 2011.
Conclusions
1. Lithuanian cereal farms faced increasing prices and expansion of area sown during 2004-2014. The dynamic efficiency remained rather stable in Lithuanian cereal farms during the same period. However, decomposition of the overall dynamic technical efficiency indicates there have been differences in changes in pure technical efficiency and scale efficiency. Indeed, pure technical inefficiency has been decreasing, whereas scale inefficiency has been increasing on average. These findings imply farms have been performing better in terms of input use and investments, yet the variable returns to scale production frontier departed from constant returns to scale one, i.e., productivity of the farms operating below the most productive scale size has decreased. This can be explained by credit restrictions for smaller farms (in this case, farms below 50 ha showed the highest increase in inefficiency).
